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ABSTRACT

Radio observations offer a dust-unobscured view of galaxy star formation via the radio continuum-star formation rate
(RC-SFR) relation. Emerging evidence of a stellar mass dependence in the RC-SFR relation raises the broader question
of how other galaxy properties may influence this relation. In this work, we study the dependence of the global RC-SFR
relation on galaxy properties in local (z <0.3) star-forming galaxies (SFGs) using the second data release of the LOw
Frequency ARray (LOFAR) Two-Metre Sky Survey (LoTSS-DR2). Employing a non-parametric decision-tree regression
algorithm, we identify the most important galaxy properties for estimating the radio luminosity using a sample of 18 828
emission-line-classified SFGs based on spectroscopic data from the Sloan Digital Sky Survey (SDSS)-DR8. Along with the
spectroscopically obtained SFRs and stellar mass values, we also use SFRs and stellar masses derived using photometric
spectral energy distribution-fitting from the GALEX-SDSS-WISE Legacy Catalogue for the same sample. We find that
a galaxy’s SFR is most important for predicting the radio luminosity, followed by the stellar mass, at >5¢ significance.
Complementing the LoTSS catalogue 150 MHz flux densities with aperture photometry for the rest of the emission-line
classified sample (35099 galaxies in total), we obtain a new calibration of the RC-SFR relation, which does not change
significantly whether we use spectroscopic or photometrically derived SFRs and stellar masses, despite the fact that the
methods probe star formation on different characteristic time-scales. Our results highlight the utility of decision-tree
algorithms for handling censored radio-selected galaxy samples, which will be useful for future spectroscopic surveys
of radio sources.
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universe, due to the large and uncertain dust corrections required

1 INTRODUCTION (e.g. J. Kennicutt 1998). Dust absorbs a fraction of the ultraviolet

Exploring star formation in galaxies is important for understand-
ing the evolution of baryonic matter. Traditionally, star forma-
tion rate (SFR) calibrations relied on ultraviolet and optical ob-
servations of ionizing radiation produced by young and mas-
sive stars, because they dominate the total stellar luminosities of
star-forming galaxies (see R. C. Kennicutt & N. J. Evans 2012;
D. Calzetti 2013; P. Madau & M. Dickinson 2014 for reviews).
However, reliably using optical and UV data to determine the
intrinsic SFRs of galaxies is challenging, especially in the distant
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(UV)/optical radiation arising from short-lived luminous stars,
and the energy is then re-radiated at far-infrared (FIR) wave-
lengths, where the luminosity is therefore a generally reliable
means of estimating SFRs in dusty galaxies (e.g. C. J. L. Persson
& G. Helou 1987; N. A. Devereux & J. S. Young 1990; J. Kennicutt
1998; R. C. Kennicutt & N. J. Evans 2012). However, along with
the practical difficulties associated with obtaining FIR observa-
tions in the post-Herschel era, there are also issues arising due to
the low-spatial resolution of FIR data (e.g. D. J. B. Smith et al.
2011; I. McCheyne et al. 2022), as well as the possible impact of
unobscured sight-lines (e.g. P. G. Pérez-Gonzaélez et al. 2006; R.
Sorba & M. Sawicki 2015; D. J. B. Smith & C. C. Hayward 2018;
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P. Haskell et al. 2023) and additional heating from evolved stellar
populations (e.g. C. J. L. Persson & G. Helou 1987). The dust that
affects short-wavelength star formation indicators is irrelevant at
radio frequencies, where a tight correlation between radio and
far-infrared luminosities has been observed (e.g. P. der Kruit 1971;
T. Jong et al. 1985; G. Helou, B. T. Soifer & M. Rowan-Robinson
1985; R. J. Ivison et al. 2010; M. J. Jarvis et al. 2010; D. J. B.
Smith et al. 2014, S. C. Read et al. 2018; D. C. Molndr et al. 2021).
Non-thermal radio emission in SFGs is attributed to electrons
accelerated by supernova shocks moving in the ambient magnetic
field (E. G. Berezhko & H. J. Volk 2004). Massive stars (28 Mg)
are responsible for core-collapse supernovae (J. J. Condon 1992),
and so the observed non-thermal radio emission can be used as an
indicator of the recent (=100 Myr averaged) star formation rate of
galaxies.

Multiple observational works have studied the relationship be-
tween galaxies’ SFRs and their non-thermal synchrotron radio
emission at 150 MHz including G. Giirkan et al. (2018, hereafter
G18), L. Wang et al. (2019), D. J. B. Smith et al. (2021, hereafter
S21), M. Bonato et al. (2021), V. Heesen et al. (2022), P. N. Best
et al. (2023), and S. Das et al. (2024, hereafter D24). These works
assumed a power-law relation between SFR and radio luminosity
(at various frequencies), with the gradient often deviating from
linearity. A gradient equal to one would mean that the galaxy
is a perfect electron calorimeter and that the cosmic ray elec-
trons lose all their energy before being transported away from
the sites at which radiation is observed. However, the radio emis-
sion may underestimate the SFRs of galaxies compared to far-
infrared tracers when a fraction of cosmic rays accelerated by
supernovae escape the host galaxy (J. J. Condon, M. L. Anderson
& G. Helou 1991). At the same time, massive galaxies could retain
cosmic ray electrons more efficiently due to deeper potentials,
overestimating star-formation rates in galaxies and so giving rise
to a superlinear slope of the RC-SFR power-law relation as ob-
served e.g. by L. J. M. Davies et al. (2017). L. Wang et al. (2019)
report values as steep as ~1.35 using an infrared (60 um) se-
lected subsample of LOw-Frequency ARray Two-metre Sky Sur-
vey (LoTSS; T. W. Shimwell et al. 2017) galaxies at 150 MHz.
On spatially resolved scales using integral field spectroscopy
(IFS)-derived SFR, G. Jin et al. (2025) report a superlinear slope
of 1.16.

Works including G18 and S21 have explored the dependence of
the RC-SFR relation on stellar mass, demonstrating that includ-
ing a mass-dependence reduces the scatter on the RC-SFR rela-
tion. Possible interpretations for stellar mass dependence of the
RC-SFR relation are that more massive galaxies are better cosmic
ray calorimeters or that stellar mass dependence comes from un-
diagnosed contamination by active galactic nuclei (AGN), since
it is well-known that AGN are also associated with non-thermal
GHz emission (e.g. P. N. Best & T. M. Heckman 2012) and that the
AGN fraction is dependent on stellar mass (J. Sabater et al. 2019).
However, the stellar mass dependence in G18 and S21 extends to
relatively low-mass galaxies (<10'° M) where the AGN fraction
is small (W. L. Williams et al. 2019; S. Mandal et al. 2021; P. N. Best
et al. 2023; A. B. Drake et al. 2024; D24), consistent with results
from simulations like The Tiered Radio Extragalactic Continuum
Simulation or T-RECS (A. Bonaldi et al. 2019). Therefore, AGN
contamination is unlikely to be the only explanation for stellar
mass dependence in the RC-SFR relation.

The stellar mass dependence of the RC-SFR relation prompts
a broader question: which additional galaxy properties might
influence the relation? To address this question, we generate a
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non-parametric random forest (RF) regression model that pre-
dicts the radio luminosity of SFGs using galaxy properties (which
can be derived using photometric, spectroscopic, or a mixture of
the two types of observations). The application of RF regressors
(L. Breiman 2001) to explore fundamental scaling relations in
extragalactic studies is becoming increasingly popular (see e.g.
L. Sanchez-Menguiano et al. 2019; A. F. L. Bluck et al. 2020a,
b; J. M. Piotrowska et al. 2022; W. M. Baker et al. 2023a, b; G.
Maheson et al. 2024; L. Sanchez-Menguiano et al. 2024 among
others), since ensemble learning methods with decision trees like
RF regression can identify highly non-linear relationships in mul-
tidimensional data sets. While RF regressors cannot predict ana-
lytical relations between the input and target variables directly,
the relative importance of features that are included in the model
can be estimated, leading to a better intuitive understanding of
the model.

In this work, we use a sample of 35099 emission-line classified
SFGs, of which 18 828 are detected at >30 at 150 MHz. We apply
RF regression to the radio-detected sources (18 828 sources) to
investigate the dependence of radio luminosity on galaxy features
including SFR, stellar mass, gas-phase metallicity, and velocity
dispersion. Using the results of the RF model, we then fit for an
analytical relation to link the most important features to radio lu-
minosity using the full sample of 35099 galaxies, which includes
radio non-detections.

The paper is organized as follows: In Section 2, we describe
the data used in this work, while in Section 3 we outline our
sample definition and present the properties of our sample. In
Section 4, we describe the methods used in this paper, and out-
line our results, including those derived using the RF method in
Section 4.1 and our parametrization of the RC-SFR relation in
Section 4.2. We discuss our results and present our conclusions
in Section 5. Throughout this paper we adopt a flat ACold Dark
Matter cosmology with Hy = 70kms~! Mpc~!, Q, = 0.3, and
Q, = 0.7. Spectral index « is defined as S oc v* with a typical
value of « = —0.7. ‘1og’ in this paper refers to 1og ;o with the
exception of In £ which we call log-likelihood following standard
terminology. We note that ¢ = SFR throughout this paper and
we use O/H interchangeably with 12 + log(O/H) to denote the
gas-phase oxygen abundance. All photometric magnitudes are in
the AB system (J. B. Oke & J. E. Gunn 1983) unless otherwise
specified.

2 DATA

This work makes use of three primary data sets, as described in
the following sections.

2.1 LoTSS data release 2

We used 150 MHz! LoTSS (T. W. Shimwell et al. 2017) obser-
vations, specifically from the second data release of the survey
(LoTSS-DR2; T. W. Shimwell et al. 2022). The survey covers 5634
square degrees of the northern sky, with 6-arcsec resolution and
a median root mean square (rms) sensitivity of 83 pJy per beam.
DR2 contains not only the 150 MHz images, RMS images and
source catalogues in this area but also a value-added catalogue,
which includes cross-identifications with optical counterparts

IThe central frequency of the LoTSS data is at or near 144 MHz, but we
use 150 MHz in this work for consistency with previous works.
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Figure 1. Sky coverage of MPA-JHU DR8 and LoTSS-DR2. The light and dark grey regions indicate sources from the MPA-JHU and LoTSS-DR2
catalogues, respectively. The black points represent sources that belong to the parent sample as defined in Section 3, i.e. sources that have optical as well

as radio observations.

from the DESI Legacy Imaging Surveys (A. Dey et al. 2019) as
described by M. J. Hardcastle et al. (2023, hereafter H23). In
brief, for large sources with extended radio emission, visual cross-
identification and association were carried out through a citizen
science project on Zooniverse.> For compact sources, statistical
techniques including but not limited to colour- and magnitude-
dependent likelihood ratio methods (e.g. W. Sutherland & W.
Saunders 1992; P. Ciliegi et al. 2003; D. J. B. Smith et al. 2011)
were used, as described by W. L. Williams et al. (2019).

The availability of the images alongside the catalogues allows
us to perform forced aperture photometry for those objects in our
sample which are not associated with 150 MHz sources in the H23
catalogue, as described in Section 3.1. The sky coverage of LoTSS-
DR2 is shown in dark grey in Fig. 1.

2.2 The MPA-JHU spectroscopic catalogue

In this work, we have made extensive use of the value-added
catalogue of the eighth data release of Sloan Digital Sky Survey
(SDSS) DRS (H. Aihara et al. 2011) compiled by the group at Max
Planck Institute for Astrophysics and the John Hopkins Univer-
sity (MPA-JHU; J. Brinchmann et al. 2004). This catalogue in-
cludes flux measurements and uncertainties for a range of nebu-
lar emission lines including the H g, [O 111 ]5097, H &, and [N 114584
lines commonly used for emission line source classification (J. A.
Baldwin, M. M. Phillips & R. Terlevich 1981; S. Veilleux & D. E.
Osterbrock 1987), as well as estimates of SFRs and stellar masses
for each source. The sky coverage of the MPA-JHU catalogue,
and the area in common with LoTSS-DR2 are shown in light grey
and black (respectively) in Fig. 1.

2http://lofargalaxyzoo.nl/

Within a three arcsec fiber aperture, galaxy SFRs are computed
based on the nebular emission lines (J. Brinchmann et al. 2004),
using H « luminosity such that

SFR(Mg yr ) = 1078 Ly, ergs™!, (1)

where the authors have adopted an initial mass function (IMF)
from P. Kroupa (2001). Dust corrections were made using the
Hoa/H B ratio and assuming a fixed unattenuated Case B ratio.
Aperture corrections to correct for star formation not captured by
the fibre measurement were estimated using photometry follow-
ing S. Salim et al. (2007). Since the spectra are measured through
three arcsec apertures, where the fibre is positioned close to the
galaxy’s centre, it represents only 17-50 per cent of the entire
galaxy’s mass, thus potentially inducing aperture biases (e.g. S.
N. Richards et al. 2016; S. Duarte Puertas et al. 2017). This means
that the measured values might be appropriate for the galaxy’s
central bulge but not necessarily the outer discs, which can host
significant star formation (G. Kauffmann et al. 2003). To address
this, we use aperture-corrected estimates of SFR and stellar mass
from (J. Brinchmann et al. 2004), who used resolved photometric
colour information to empirically correct for aperture bias, and
who updated the uncertainties on the aperture-corrected SFRs to
account for the uncertain aperture-correction.

In MPA-JHU DRS, the stellar mass values are estimated as
described by G. Kauffmann et al. (2003), with the exception that
ugriz galaxy photometry alone is used rather than spectral indices
Dn(4000) and H4$ (which are obtained from the spectra). We
use the total stellar masses, estimated using model magnitudes
and photometry corrected for nebular emission using the spectra,
and adopting a Kroupa IMF. In addition to the MPA-JHU SFRs
and stellar masses for galaxies, we also considered their veloc-
ity dispersion and gas-phase nebular oxygen abundance values,
measured using strong optical emission lines as described by C.
A. Tremonti et al. (2004) and J. Brinchmann et al. (2004).

MNRAS 546, 1-19 (2026)
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2.3 The GALEX-SDSS-WISE Legacy Catalogue

The GALEX-SDSS-WISE Legacy Catalogue (GSWLC; S. Salim
et al. 2016) combines GALEX (UV; P. Morrissey et al. 2007) and
optical data from SDSS DR4 (J. K. Adelman-McCarthy et al.
2006) with Spectral Energy Distribution (SED) fitting done us-
ing the Code Investigating GALaxy Emission (CIGALE; S. Noll
et al. 2009), assuming a Chabrier IMF (G. Chabrier 2003). For
consistency, the SFRs and stellar masses from the MPA-JTHU
catalogue were also converted to a Chabrier IMF by dividing by
1.06, following P. Madau & M. Dickinson (2014). The SED fitting
builds on S. Salim et al. (2007) by additionally including blending-
corrected low-resolution UV photometry, emission line correc-
tions and flexible dust attenuation curves. We use the GSWLC-
X2 catalogue, which covers 90 per cent of the SDSS sky coverage
and also includes WISE IR fluxes (at 12 and 22 pm) when calcu-
lating galaxy properties by applying energy-balance SED fitting.
This technique assumes energy conservation between UV-optical
stellar light and the light absorbed and re-remitted by dust in
the infrared wavelengths. Because of the lack of data beyond
22 um, in GSWLC-X2 the IR and stellar emission were fit sepa-
rately: IR luminosities were obtained directly from 22 pm WISE
observations and then compared to SED-fit results of the stellar
emission to verify energy balance. These luminosities were then
calibrated against a Herschel subsample with far-IR data, yielding
a systematic offset of <~0.01 dex for 22 um luminosities. There-
fore, while individual IR luminosities may be very uncertain,
the WISE 22 um-based estimates provide plausible average total
IR luminosities for statistical studies. By leveraging the energy-
balance criterion in this way, the GSWLC-X2 catalogue is able to
produce estimates of the current stellar mass and SFR averaged
over the past 100 Myr. For a more detailed discussion on the SED
fitting procedure, we refer the reader to S. Salim, M. Boquien & J.
C. Lee (2018).

3 SAMPLE DEFINITION

In this work, our focus is on SFGs, but it is well-known that AGN
exist at a broad range of radio luminosities (e.g. M. J. Hardcastle
et al. 2019; A. B. Drake et al. 2024). Therefore, to limit AGN
contamination in our sample, we use an optical emission line
diagnostic proposed by L. J. Kewley et al. (2006), first described
by J. A. Baldwin et al. (1981). This is defined in the MPA-JHU
catalogue as parameter BPTCLASS and we set BPTCLASS = =
1 to obtain 215224 SFGs. These galaxies were chosen to have a
signal-to-noise ratio (S/N) > 3 on the BPT emission lines (H«,
[N11], [O111], H 8). Furthermore, following the recommendation
of L. J. Kewley, R. A. Jansen & M. J. Geller (2005) we selected
only those galaxies with z > 0.04 to minimize the influence of
the most unreliable aperture corrections, and this also limits the
potential influence of sources with radio emission more extended
than the 6 arcsec beam of LOFAR. We cross-matched this re-
sulting sample of 167 274 galaxies with the GALEX-SDSS-WISE
Legacy Catalogue using a nearest-neighbour method with a one
arcsec search radius with TOPCAT (M. B. Taylor 2005) to obtain
SED-fit parameters.

Since both MPA-JHU and GSWLC adopt SDSS coordinates,
99.9 per cent of matched sources are within 0.1 arcsec, and chang-
ing the maximum search radius by +20 per cent does not sig-
nificantly impact our results. The GSWLC-X2 catalogue covers
90 per cent of the SDSS area, up to a redshift of 0.3, giving us
matches to 114 519 sources between 0.04 < z < 0.3. For con-
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sistency with the optical selection used in GSWLC and MPA-
JHU catalogues, we use only the subset of sources selected in
the SDSS Main Galaxy Survey galaxies that targets galaxies with
photometry brighter than rpeqro = 17.77 (M. A. Strauss et al. 2002),
reducing our sample to 111 292 sources.

To select galaxies where radio emission is driven primarily
by stellar processes (J. J. Condon 1992), we restrict our sam-
ple to include only those sources with MPA-JHU and GSWLC
stellar mass between 7.8 <log(M,/Mgy) <12, and SFRs be-
tween —3 <log(y /Mg yr~1) < 3, reducing the sample to 109 767
galaxies. By ensuring that the emission line measurements are
flagged as reliable, we get 109 765 sources. We set the SDSS
targettype and spectrotype = ‘galaxy’ and consider
only those galaxies where the redshift measurements are reliable
by setting the flag Z WARNING to 0. This reduces our sample
to 105634 galaxies. We then select those galaxies observed as
primary targets, and apply the cuts V_DISP o > Okms™! and
OH_P50 > 0 to remove unphysical values of velocity dispersion
and gas-phase metallicity respectively, reducing the sample to
97 846 galaxies. To make sure that the velocity dispersion fits
are reliable, we apply the cut V_DISP ERR > Okms™!, which
gives us 97 229 galaxies. Furthermore, for SDSS DRS, the template
spectra used to calculate the velocity dispersion are convolved to a
maximum value of o ~ 420 km s~*. Therefore, we remove galax-
ies with velocity dispersion values greater than 420kms™! as
they might be unreliable?, bringing the final sample with optical
measurements to 97 141 galaxies. We then matched this parent
sample with the LoTSS-DR2 catalogue, using a one arcsec* search
radius and a nearest-neighbour algorithm using the SDSS posi-
tions from MPA-JHU and the positions of the cross-identified
counterparts taken from the Legacy Surveys data used by H23. In
this way, we obtained catalogue 150 MHz flux densities for 25 449
galaxies. The choice of a one arcsec radius is motivated by the
high astrometric precision of both catalogues, with the majority
of positional offsets well described by a Gaussian distribution
centred at ~0.1 arcsec.

3.1 150 MHz aperture photometry

To obtain radio flux densities for the sources not in the H23 cata-
logue, (i.e. those which are below the PyBDSF’ detection thresh-
old), we first identify the subset of the 97 141 sources located in
the LoTSS-DR2 coverage by using a multi-order coverage map.
This subset contains 40 022 galaxies and is shaded black in Fig. 1
(of which 25449 already have catalogued flux density measure-
ments from H23). We perform aperture photometry on the LoTSS
images by summing the flux densities within a 10 arcsec diameter
circular aperture around the MPA-JHU positions, in a manner
similar to G18, accounting for the resolution of the LOFAR maps.
For galaxies in the H23 catalogue, we verify that the flux densities
measured using aperture photometry are consistent with those in
the catalogue, with a typical scatter of ~0.1 dex and median ratio
of 0.974. Similarly, for 150 MHz flux density uncertainties, we
sum up the individual pixel variances in quadrature within the 10
arcsec aperture from the LoTSS RMS maps. These uncertainties

3https://www.sdss3.org/dr8/algorithms/veldisp.php

4Varying the search radius by 20 per cent to 0.8 or 1.2 arcsec changes the
number of matches by fewer than 50 sources (<0.5 per cent of our sample
size) and has no significant impact on our results.
Shttps://pybdsf.readthedocs.io/en/latest/index.html
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agree with those in the catalogue, with a scatter of ~0.15 dex. We
also verify that the RMS values are reasonable by measuring the
aperture flux densities and RMS values at random sky positions
with no radio sources and calculating the signal-to-noise ratios;
the distribution obtained is similar to a standard normal distri-
bution. For the rest of this paper, for sources with matches in the
H23 catalogue, we use the radio flux densities and uncertainties
from the catalogue. For sources without matches in the H23 cat-
alogue, we use radio flux densities and uncertainties measured
using aperture photometry.

3.2 Radio luminosity

To estimate the 150 MHz luminosity for a source of flux density
S, at frequency v (whether from the H23 catalogue or from our
aperture measurements), we assume that radio sources obey a
radio spectrum described by a simple power-law S,, o« v¥, where o
is the spectral index. We perform the standard radio K-correction
and get the rest-frame radio luminosity values L, to be

L, =47d;S, obs(1 +2) %7, ©)

where dp, represents the luminosity distance at MPA-JHU spec-
troscopic redshift z calculated in our adopted cosmology and the
(1 + 2)7! accounts for bandwidth correction. We assume o =
—0.7, the typical median value for SFGs with shock-accelerated
cosmic ray electrons (found by works such as M. J. Hardcastle
et al. 2016; G. Calistro Rivera et al. 2017 at 150 MHz using LO-
FAR observations). Similarly, F. Gasperin, H. T. Intema & D. A.
Frail (2018) show that between 147 MHz and 1.4 GHz the median
spectral index is @ ~ —0.78 with a scatter of 0.24 dex, but that a
flattening to @ ~ —0.5 occurs at the faintest flux densities and/or
lowest frequencies. So using a constant spectral index value to
estimate K-corrected luminosity densities could be an additional
source of uncertainty, with previous works having observed an
rms scatter of ~ 0.38 on median spectral index values (T. Mauch
et al. 2013), but as noted by S. C. Read et al. (2018), the additional
uncertainty would be very small for local SFGs (z < 0.3) such
as our sample. Therefore, while well-motivated for ‘typical’ star-
forming galaxies, some bias may persist due to spectral curvature,
absorption or core-dominated spectra. In principle, once radio
surveys with depth and resolution comparable to LoTSS are avail-
able at other frequencies, more precise galaxy-by-galaxy spectral
indices could be derived and applied. For the present study, how-
ever, such data are not yet available for the full sample, and we
therefore adopt the canonical value of @ = —0.7 for consistency
with the literature.

3.3 Minimising residual AGN contamination

To reduce the possible influence of optically thick AGN, which
may not be detected via the BPT diagnostic but can still show
strong radio emission, we use two further diagnostics. First, we
use the mid-IR selection criteria from R. J. Assef et al. (2018) to
exclude possible AGN based on their WISE colours. These sources
are identified using

(1) If W2 > yg,then W1 — W2 > ag exp[Br (W2— y&)*]
(1) HW2 < yr,then W1 — W2 > ag

where W1 and W2 are magnitudes in the WISE bands centred
at 3.4 and 4.6 microns, respectively, values taken from H23, and
(R, Br, Yr) = (0.662,0.232,13.97), and these criteria are expected
to be 90 per cent reliable. This returned three AGN candidates,

What determines the RC-SFR in LoTSS-DR2? 5

which were excluded from the parent sample, giving us 40019
galaxies in total with 25 446 galaxies of those present in H23.

Secondly, we need to remove galaxies with a radio luminos-
ity higher than can be expected on the basis of their Ha lumi-
nosity (i.e. those with a radio excess), likely indicative of AGN
activity. To identify such sources, we cross-match our sample
with the sample given by A. B. Drake et al. (2024), who per-
formed a probabilistic spectroscopic classification on the LoTSS-
DR2 radio-selected sources. We match the samples using their
radio Source_Name to obtain 25034 sources (out of the 25446
galaxies, 412 galaxies are removed from the sample either due
to size cuts or unreliable fits of prominent BPT emission lines
like H 8 and [O 111]sp07 lines where they coincide with sky lines,
flagged as FIT WARNING in the SDSS value-added catalogue by
the Portsmouth group (D. Thomas et al. 2013) which was used for
the probabilistic classifications). We note that this is also evident
in Fig. 4 as regions with fewer data points, see e.g. z ~ 0.15. 550
sources were removed due to radio excess cuts but we repeat our
analysis with these sources included and find that our results
remain consistent within statistical uncertainties.

We set the criterion CLASS_SFG > 0.9 from A. B. Drake et al.
(2024), selecting galaxies classified as star-forming with at least
90 per cent confidence. This threshold not only makes sure that
the source falls in the SFG part of the [N 11]-BPT diagram but also
ensures no radio excess is measured. In doing so, our catalogue
sample reduces to 19 757 sources. Following the recommenda-
tions of A. B. Drake et al. (2024), we consider only sources with
zscore < 2.5, ° reducing the sample to 19751 galaxies. We
then select those galaxies that are in H23 with an S/N > 3 on
total radio continuum flux density, and obtain 18 828 galaxies;
we call this the ‘catalogue sample’. Similarly, for the ‘full sample’,
i.e. including sources with aperture flux densities in addition
to those with flux densities from the H23 catalogue, we obtain
35099 galaxies out of 40 019 galaxies after removing galaxies with
CLASS SFG< = 0.9 asgivenin A. B. Drake et al. (2024).

Thus, we compile a ‘full sample’ of 35099 BPT-classified star-
forming galaxies, with catalogue radio flux density measure-
ments where available and aperture 150 MHz flux densities oth-
erwise. This sample will be employed in Section 4.2 to deter-
mine the RC-SFR relation. Within it, the ‘catalogue sample’ com-
prises 18 828 galaxies with an S/N > 3 in 150 MHz flux density
from H23. This subset will be analysed using a Random Forest
algorithm to predict radio luminosities and identify the most
important galaxy features driving these predictions.

3.4 Sample properties

The distributions of gas phase metallicity, velocity dispersion,
radio luminosity, and redshift for our samples are shown in Fig.
2, with the distributions of SFR and stellar mass estimates (from
both MPA-JHU and GSWLC) shown in marginal histograms in
the left and right panels of Fig. 3 . In each of these figures, the
catalogue sample is shown in dark grey, and the full sample is
shown in light grey.

In the main panels of Fig. 3, we compare the MPA-JHU and
GSWLC SFRs (left) and stellar masses (right), after converting
the MPA-JHU values to our adopted Chabrier IMF by dividing
by 1.06 following P. Madau & M. Dickinson (2014). In the left

SMetric defined in A. B. Drake et al. (2024) to quantify the significance of
deviation from the null hypothesis that the classification is accurate.
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Figure 2. Distribution of gas phase metallicity, velocity dispersion, radio luminosity, and redshift for our samples. The 18 828 galaxies which contain
LoTSS flux densities given in the H23 catalogue are shown in dark grey. For the sample of 35099 galaxies (18 828 sources with catalogued radio flux
densities and aperture flux densities measured for remaining 16 271 sources), the distributions are shown in light grey.
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Figure 3. Comparison of SFR and stellar mass values derived using the photometric (GSWLC-X2) and spectroscopic (MPA-JHU) data sets for sources
with 150 MHz flux densities in the LoTSS catalogue (in dark grey) and sources with radio luminosities measured with aperture photometry (in light grey).
The inset plot shows the difference between SFR and stellar mass, and all values have been converted to our adopted Chabrier IMF (where required).

panel, there is good agreement between SFRs reported in MPA-
JHU DR8 and GSWLC catalogues, with a scatter of ~0.2 dex.
In the right panel of Fig. 3 we see that stellar mass values from
GSWLC are on average around 0.1 dex higher compared to the
ones reported in MPA-JHU with ~0.09 dex scatter if we compare
the two (as shown in the inset). This scatter is comparable to the
values reported by S. Salim et al. (2016), who attributed this dif-
ference in stellar mass values to different star-formation history
assumptions and the inclusion of UV photometry in GSWLC-X2.

Lastly, in Fig. 4 we show the distribution of radio lu-
minosity log Lisomu, Wwith redshift z. The catalogue sam-
ple is shown in black, and the full sample is shown in
dark grey. As expected, and discussed in S21, some of these
sources have unphysical values of flux densities; following S21,
sources with log(Lysomu,/W Hz™!) < 17 are arbitrarily assigned
log(Lisomuz/WHz™1) = 17 and included in the sample; these
sources are visible as the horizontal light grey stripe in Fig. 4, and
constitute ~2 per cent of our full sample. As shown in the figure,
the use of an optically selected sample results in the exclusion of
many faint radio sources. This limitation will be addressed by the
upcoming William Herschel Telescope Enhanced Area Velocity

MNRAS 546, 1-19 (2026)

Explorer (WEAVE)-LOFAR survey (D. J. B. Smith et al. 2016),
which is expected to obtain more than 10° optical spectra for
LOFAR-detected radio sources.

4 METHOD AND RESULTS

In this work, we aim to determine the RC-SFR relation with
unprecedented accuracy. We will begin by determining which
parameters are important in predicting a SFG’s radio luminosity
(in Section 4.1), before building on those results to fit for the
analytic form of the RC-SFR relation.

4.1 Which galaxy parameters matter?

To reveal the importance of different galaxy parameters in predict-
ing an SFG’s radio luminosity in a non-parametric manner, we
use the Random Forest ensemble learning method (L. Breiman
2001). We generate a non-parametric model to predict radio lumi-
nosity values of our catalogue sample of SFGs using five different
combinations of parameters:
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Figure 4. The relationship between redshift and 150 MHz luminosity
for our samples. All sources in the LoTSS-DR2 catalogue with redshifts
Z < 0.3 are shown in light grey, while the subset of sources with LoTSS-
DR2 catalogue matches in our spectroscopic sample are shown in black.
These have been complemented by the sources for which we have mea-
sured aperture 150 MHz flux densities, which are shown in dark grey (as
indicated in the legend).

Model 1 - Spectroscopic: both SFR and stellar mass estimated
from optical spectroscopy, taken from the MPA-JHU catalogue.

Model 2 - Spectroscopic + (O/H) & o: Along with SFR and
stellar mass estimates from MPA-JHU, we also include gas phase
metallicity and velocity dispersion in the model.

Model 3 - Photometric: both SFR and stellar mass estimates
come from the GSWLC SED-fitting of broad-band photometry
including UV, optical, and infrared observations.

Additionally, we examine the stellar mass dependence of the
relation when we interchange the SFRs and stellar mass values
derived from the spectroscopic and photometric data sets, i.e.

Model 4 - Photo-Spec: SED-fit SFR from GSWLC and stellar
mass values from the MPA-JHU catalogue.

Model 5 - Spec-Photo: Balmer-line estimated (aperture-
corrected) SFR from MPA-JHU and stellar mass from broad-band
photometry SED-fitting (GSWLC).

4.1.1 Random Forest Regression

We perform a machine learning analysis using the scikit-
learn package (F. Pedregosa et al. 2011). A Random forest re-
gressor, as the name suggests, is a random combination of multi-
ple decision trees. In this context, a decision tree is a supervised
non-parametric machine learning algorithm (i.e. the target label
or class to be predicted is already known, as opposed to unsu-
pervised techniques where the machine looks for patterns in a
data set without being explicitly given output labels; L. Breiman
et al. 1984). A decision tree uses a flowchart-like structure with
recursive binary splitting: it starts with all the observations from
the top of the tree, dividing the predictor space into two new
branches in each iteration down the tree (C. Strobl, J. Malley & G.
Tutz 2009). It is a top—down greedy method because the algorithm
looks for the best available variable in only the current split with
no concern about future splits that lead to a superior tree. There-

What determines the RC-SFR in LoTSS-DR2? 7

fore, an advantage of RF analysis is that it allows for an explicit
calculation of the relative importance of each input galaxy feature
in predicting the target value by assigning weights to the features
at each split. In our case, it would be the relative importance of
SFR, stellar mass, gas phase metallicity, and velocity dispersion
in predicting radio luminosity.

4.1.2 Cross-validation and prevention of overfitting

In supervised machine-learning techniques, cross-validation is
standard practice to build and evaluate a model (H. Blockeel & J.
Struyf 2003). We do this by using three disjoint subsets: a training
set to learn the hidden correlation between input features and the
output label, a validation set to measure the learning level and
verify the absence of overfitting, and a final test set used to evalu-
ate the overall performance of the trained and tested model using
pre-determined criteria (we used least mean-squared error). In
this work, we have used 60 per cent of the data for training and
20 per cent each for the validation and test sets.

Since the feature selection is randomized to prevent overfitting
in an RF Regressor, cross-validation does not affect the outcomes
of individual decision trees. Our main results also do not change
with or without cross-validation as long as we control for overfit-
ting, which can be checked in two ways: (a) When a model shows
very low mean-squared error (MSE) on the training set predic-
tions but a higher error on the test and validation sets, and (b)
when the feature importance is different across the training and
test or validation sets. This generally happens when the model
memorizes the noisy data instead of the underlying relation. One
way to control for overfitting is by increasing the number of galax-
ies in a leaf node,” also known as an early stopping routine. After
setting the minimum number of samples in the leaf node to ~70,
selected based on cross-validation, our model has a prediction
MSE of ~0.12 4+ 0.03 on all three subsets, indicating that the
model does not overfit the data.

4.1.3 Feature importance

The purpose of including galaxy properties in this work is to es-
tablish which parameters can most accurately predict radio lumi-
nosities. A single decision tree assigns more weight or importance
to those variables that can predict radio luminosity with the most
accuracy at each split. It then adds up the weights to calculate the
relative importance. In a random forest, the relative importance
is averaged for all the N number of trees (in our models, we have
between 300 and 400 trees, depending on the model). Since the
model treats the input galaxy parameters as competitors and, at
each decision fork, selects the one that minimizes a chosen metric
(in our case, root mean-squared error or RMSE), we must note
that the importance is only relative because it depends on the
input set of parameters.

Feature importance values give us a general idea about which
galaxy parameter is highly related to the target variable. However,
we cannot always be sure that the models that give the best pre-
dictions (least RMSE in this case) also give the most precise inter-
pretation of the underlying causative processes. This is because
multiple model instances can all give similar predictive results
but have different functional forms. To understand this better

7The terminal node of the RF decision tree.
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and to check how much the RF model relies on each parame-
ter for its predictions, we adopt a permuted feature importance
(PFI) analysis described in detail by A. Fisher, C. Rudin & F.
Dominici (2019). In the PFI technique, the model is re-run with
the values of one feature randomly shuffled per run, breaking the
link between that feature and the target radio luminosity for that
run and the increase in model RMSE is estimated. The higher
the increase in the RMSE value for a given feature, the more
important the feature is for the model, as it relies more on that
feature for accurate prediction. Similarly, a galaxy feature is not
as crucial if randomly shuffling its values causes minimal or no
change in the RMSE of the model predictions because, in this
case, the model ignored that feature for the luminosity prediction.
However, like the RF feature importance, the importance of the
permuted feature does not show a parameter’s intrinsic predictive
value but only how important the parameter is for the specific
model at hand.

4.1.4 Random forest model results

We first robust scale all the input features - i.e. we subtract
the median from each data point and normalize it by the in-
terquartile range. Thus, all input data are in a unit-less format.
This method is more robust to outliers compared to standard
scaling where we perform mean subtraction and divide by the
standard deviation. We note that our results remain consistent
regardless of the scaling method applied. Additionally, in our
case, running the RF regression algorithm even with unscaled
values yields qualitatively similar results because the splits are
determined by ordering the data (not by absolute values). We
run the RF regressor with cross-validation as described in Sec-
tion 4.1.2 and set an early stopping routine, i.e. set the mini-
mum number of samples in the leaf node (final split) to prevent
overfitting. The list of features for all five models also includes
a rndm parameter generated using the pseudo-random number
generator of the numpy . random ® module. Any feature with
importance close to that of this parameter can be regarded as not
important in the prediction of radio luminosity using that specific
model.

The feature importance (as described in Section 4.1.3) of the
different parameters is shown in the upper panel of Fig. 5 and
the change in RMSE when each feature is permuted is shown in
the lower panel of the same figure. The final feature importance
is given by the median of the 100 runs, with a different ran-
dom_state in each run, and the standard deviation is taken as
the uncertainty value. Reassuringly, the most important feature
in every run is the SFR, whether it comes from the MPA-JHU
or GSWLC catalogues. Furthermore, in every case, the stellar
mass estimates are determined to have significant importance
(i.e. the significance of the difference between the importance
of stellar mass and that of the random variable is >5¢ for all
models). This holds true irrespective of the use of photometric
or spectroscopic data. Some authors also use Gradient boosting
algorithms in place of RF Regression given that the former is able
to handle missing data better. However, we find that our results
do not change when we use XGBoost regressor (T. Chen & C.
Guestrin 2016) to predict radio luminosity. Similarly, we could
also omit one feature at a time to evaluate its contribution in
improving the MSE of the model predictions. In doing so, we

8https://github.com/bashtage/randomgen
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find that the results are consistent within uncertainties with that
of the permuted feature importance, for both RF regressor and
XGBoost regressor model. More specifically, in both cases, SFR
and stellar mass are still the most important features in predicting
radio luminosity, in that order. We note that these results are
robust to changes in IMF assumptions.

Interestingly, we also observe significant importance of gas-
phase metallicity in the spectroscopic + (O/H) & o model. How-
ever, itis difficult to identify if the trend is real or an artefact, given
that stellar mass and gas-phase metallicity values are well-known
to be correlated through the mass-metallicity relation (e.g. C. A.
Tremonti et al. 2004) and that they are both correlated with the
SFR via the fundamental metallicity relation (e.g. F. Mannucci
et al. 2010). Permuted and drop column feature importance val-
ues are also known to be affected by correlated features, i.e. if
two features are strongly correlated, the model still has access
to the correlated feature when a feature is permuted or dropped
(see e.g. C. Strobl et al. 2008; K. Nicodemus & J. Malley 2009).
To expand on this further, we computed the partial Spearman
rank correlation coefficients (e.g. B. Brown & B. Hendrix 2005)
between spectroscopy-derived SFR and radio luminosity in two
cases: controlling for (i) stellar mass and (ii) gas-phase metal-
licity. Controlling for stellar mass reduced the correlation from
OSFR,L,5, = 0.862 (p-value < 0.01) to pspr 1,5,-m, = 0.675 (p-value <
0.01), while controlling for metallicity had a much smaller effect
(psFr.Ly5-(0/) = 0.848; p-value < 0.01), suggesting that stellar
mass is a more significant confounding variable than metallic-
ity. In the absence of an obvious explanation for why gas-phase
metallicity may be of importance for predicting a galaxy’s radio
luminosity, we therefore note that its apparent importance is of
potential interest, but defer a more detailed analysis to a future
work. The difference between correlation and causation is perti-
nent here, and this has been studied in some detail in the context
of RF algorithms by A. F. L. Bluck et al. (2020b, see appendix B.2
of that work).

Furthermore, whilst RF is robust against global measurement
uncertainty, it can be influenced by differential measurement
uncertainty i.e. the case where different features of the data have
different noise properties - as is the case in our data set. Higher
measurement uncertainty can also decrease the feature impor-
tance of a variable (see e.g. appendix B.4 of J. M. Piotrowska
et al. 2022). In our spectroscopic data set, the uncertainties on
gas-phase metallicity (6(o,m) & 0.03 dex) are significantly smaller
than the uncertainties on stellar mass values (6, ~ 0.08 dex),
which could partially inflate the importance of metallicity. In a
similar manner, if we re-run the RF regression with the SFRs
and stellar mass estimates from both MPA-JHU and GSWLC
simultaneously, the model indicates an importance around 0.9
for the photometrically derived SFRs, and around 0.1 for the
spectroscopy-derived SFRs. This is on the one hand reassuring,
given that the time-scales associated with using the UV con-
tinuum and radio continuum luminosity as SFR indicators are
more comparable than that of the Balmer lines (e.g. J. Kenni-
cutt 1998); but on the other hand, it is hard to interpret given
the heteroscedasticity, i.e. that the uncertainties on the SED-fit
stellar mass and SFR estimates are around half the size of those
from MPA-JHU.

We also ran the regression models with morphological pa-
rameters, available reliably for 18 685 out of the 18 828 sources
in our sample. The morphological parameters were taken from
L. Simard et al. (2011), who performed 2D bulge + disc de-
compositions in the g and r bands for galaxies in the seventh
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Figure 5. Upper panel: relative feature importance of SFR, stellar mass, gas-phase metallicity, and velocity dispersion in predicting radio luminosities
for our sample of SFGs, when included in the model. The importance values of parameters in each model sum to 1. Lower panel: permuted relative
importance for the same features. The numbers below each bar correspond to the legend, and to the enumerated explanations in Section 4.1.

data release of SDSS DR7 (K. N. Abazajian et al. 2009). How-
ever, we find that importance of morphological parameters in
predicting radio luminosity are consistent with zero once un-
certainties are taken into account (see Appendix A). We note,
however, that the sample is restricted to star-forming galaxies,
which preferentially selects disc-like systems. As a result, the
lower importance of morphological parameters such as Sérsic
index, in our analysis could indicate that we have fewer star-
forming ellipticals rather than an absence of physical relevance.
In a more morphologically diverse population, particularly one
including early-type star-forming galaxies, morphology may play
a more prominent role. For the rest of this paper, we will focus

primarily on SFR and stellar mass, as described in the following
section.

4.2 Stellar mass dependence of RC-SFR

Having demonstrated that the stellar mass is important for study-
ing the relationship between a galaxy’s SFR and 150 MHz lu-
minosity, we now quantify the stellar mass dependence of the
RC-SFR relation. To do this, we follow the method of S21, and
calculate the median 150 MHz luminosity as a function of SFR
and stellar mass in three dimensions. We summarize the method
as follows: To robustly account for our knowledge of the SFR,
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Figure 6. Dependence of radio luminosity at 150 MHz on SFR and stellar mass. The top left panel shows the radio luminosity at 150 MHz as a function
of photometrically derived (i.e. GSWLC) star-formation rates. Each coloured line represents the median likelihood value of radio luminosity at a given
SFR in stellar mass bins indicated by the colour bar. The mass-independent best-fitting line(s) from G18 (in green), S21 (in red, dashed), and D24 (in
blue, dashed-dot) are overplotted. Top right panel: Similar to the top left panel, but the median likelihood radio luminosity as a function of stellar mass
are plotted in bins of SFR as indicated by the colour bar. The bottom left panel shows the RC-SFR relationship with the stellar mass dependence taken
out using equation (3) and the best-fitting parameters obtained in Section 4.2. The bottom right panel shows the median likelihood radio luminosity
as a function of stellar mass with SFR dependence taken out using equation (3). The radio luminosity values, estimated in bins of star formation rates
(SFRs) using the mass-dependent form of the RC-SFR relation (given by equation 6), are represented by the diamond-shaped points in the top left panel.
These values are calculated based on the median SFR and stellar mass within each SFR bin. The solid line represents the best-fitting line through the
diamond points. In the bottom left panel, we plot the radio luminosity values, shown as circles, calculated using median SFR values in each bin, without

accounting for the stellar mass dependence.The dashed line represents the best-fitting line through the circle points.

stellar mass and L;somp, Of each source in our sample, we build
a three-dimensional PDF for each source, by generating 100
samples in each of the SFR, stellar mass (in logarithmic space)
and radio luminosity (in linear space), in accordance with S21.
We do this for both spectroscopic as well as photometric data.
For the sampling, we assume asymmetric uncertainties on SFRs
and stellar masses by using the 16th, 50th, and 84th percentiles
provided in the MPA-JHU DRS8 catalogue and for the photo-
metrically derived SFRs and stellar masses, we assume that the
50th-16th percentile and 84th-50th percentile are equal to the
symmetric 1o uncertainty quoted in the GSWLC catalogue. We
then bin the samples using fifty uniformly spaced bins of stel-
lar mass between 7 < log (M,./Mg) < 12, sixty bins for SFRs be-
tween —3 < log(¥ /Mg yr™1) < 3 and 180 uniformly spaced bins

MNRAS 546, 1-19 (2026)

for radio luminosities between 17 < log(Lyso/ W Hz™!) < 26. We
combine our knowledge of each source by adding each of these
three-dimensional PDFs together. In each bin of SFR and stellar
mass, we then calculate the median likelihood radio luminosity;
these values are shown as a function of SFR and stellar mass in
the top panels of Fig. 6 for photometrically derived (i.e. GSWLC)
SFRs and stellar mass estimates (on the left and right sides, re-
spectively). In the left panels of the figure, the median likelihood
lines are coloured by the GSWLC stellar mass in each bin. In the
right panels, they are coloured by photometrically derived SFRs.
To limit the effect of low number statistics, we show only those
bins which contain at least 15 galaxies (taking into account that
each galaxy is sampled 100 times). Fig. 7 shows the corresponding
values when the spectroscopic (i.e. MPA-JHU) SFRs and stellar
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Figure 7. Same as Fig. 6 but with stellar mass and SFR values taken from the spectroscopic data set (i.e. MPA-JHU).

mass estimates are used. Due to the different error budget in
each catalogue, the scatter on the RC-SFR is much lower when
GSWLC SED-fit SFRs are used (Fig. 6) as compared to when
spectroscopy-derived SFRs are used (Fig. 7) in the analysis.

Having determined that SFR and stellar mass are important for
estimating a galaxy’s 150 MHz luminosity, we adopt the stellar-
mass dependent form of the relation described in G18

M, \’
1010 MO) ' ®

Liso muz = Leyp? (

where L. represents the radio luminosity (in W Hz 1) of a galaxy
with stellar mass 10 Mg, and SFR = 1Mgyr—!. We use the
Markov Chain Monte Carlo algorithm implemented using the
python package EMCEE (D. Foreman-Mackey et al. 2013), em-
ploying 16 walkers and a chain length of 10 000 samples, to fit the
relation. For photometrically derived SFRs, we obtain the best-
fitting values, of log L, = 21.838 & 0.003, 8 = 1.017 &£ 0.007, and
y = 0.311 £ 0.007. However, for spectroscopy-derived (i.e. MPA-
JHU) SFRs, we obtain the best-fitting values of log L. = 21.992
=+ 0.004, B = 0.644 £ 0.007, and y = 0.571 £ 0.008. Taken at
face value, the dependence appears very different depending on
the origin of the SFR and stellar mass estimates, however S21
demonstrated through a series of simulations (see appendix C of
S21) that model parameters estimated in this way are biased, and

simulations are required to correct for that bias. In Section 4.3,
we follow that work and attempt to correct for this bias.

4.3 Bias correction

On repeating a similar analysis as in S21 to correct the best-fitting
estimates of 8, y, and L. for systematic bias, we find that the
degree of bias depends on the noise properties of the values in
the data set even when the uncertainties are included in the fit-
ting. Given that the spectroscopy-derived SFRs and stellar masses
from MPA-JHU have larger typical quoted uncertainties (6, ~
0.08 dex, and 6, ~ 0.22dex) compared to those from the pho-
tometric GSWLC catalogue (6, ~ 0.05dex, and &, ~ 0.08 dex),
bespoke simulations are required in each particular situation.
Following S21, we use simulations described in Appendix B
to correct for systematic offsets in values of log L., 8, and y
for the stellar mass-dependent model by determining how well
we are able to recover known relations of the form given by
equation (3). We generate a set of 5000 simulated models of the
mass-dependent RC-SFR relation with varying values of L., 8,
and y and then attempt to recover the relation using methods
described in Section 4.2. The best-fitting relations between the
input and recovered values of L., 8, and y for the photometric
and spectroscopic data sets are given in the Appendix in Section B
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Figure 8. Posterior estimates of bias-corrected 8 and y, the indices of the power-law terms for SFR and stellar mass in equation (3). Marginal histograms
overlaid with best-fitting Gaussian curves on the top and right show the 1D PDFs for g and y for the MPA-JHU (in orange) and GSWLC (blue) data
sets. The dashed lines show the median likelihood values. The 2D distribution of the PDFs is shown on the central plot, with contours representing 68

per cent and 95 per cent confidence intervals.

(also shown in Fig. B1). We then define a quantity n, such that
it weights the mock data set values based on how far away they
lie from the observed values of MPA-JHU and GSWLC data sets,
i.e. the farther away the points lie from the observed 8 and y
best-fitting values of the real data set, the less likely they are to
correspond to the true values in the mock data sets

n, = \/(lgm — Br)? + Ym —n)? (4)

2 2
Spm T8, 05, + 55

where 8, and yy, represent the observed 8 and y values for the
mock data sets, and B; and y; refer to the observed 8 and y
values for the best-fitting model using real data sets, i.e. MPA-
JHU or GSWLC. The denominators for each term in equation (4)
correspond to the sum in quadrature of the uncertainties (the §
terms) on the recovered values of g and y for the mock and real
data sets. To obtain plausible estimates of the error budget, we
adopt the average scatter across the best-fitting lines in Fig. B1,
86> 8y,, = 0.006, 0.014 (0.003, 0.004) for the spectroscopic (pho-
tometric) data set and &g, 8,, = 0.007, 0.008 (0.007, 0.007) for the

MNRAS 546, 1-19 (2026)

spectroscopic (photometric) data set, based on the uncertainties
derived from fitting equation (3) using EMCEE.

We use the derived n, values to assign weights to all the
points in the truef and y distribution based on their dis-
tances between the observed values of 8 and y for the spec-
troscopic and photometric data sets, estimated from the best-
fitting relations shown in Fig. B1. These values of n, are con-
verted to likelihoods from the survival function (1 — CDF) of
the n, which is assumed to be a normal distribution. The re-
sults are shown in Fig. 8, where the 2D probability distribu-
tion for the B8 and y values is shown in the main panel (over-
laid with 1 and 20 contours), plus marginal histograms showing
the projected 1D distributions that have been fit with Gaussian
curves.

Based on the PDFs, we estimate the best-fitting values of 8
and y to be 1.107 & 0.008 and 0.244 £ 0.007 for the photometric
GSWLC data set, respectively. For the spectroscopic data set, we
find the corresponding values to be 1.062 £ 0.016 and 0.258 £+
0.019. The broader distribution of possible values for the spec-
troscopic data set can be attributed to larger uncertainties on the
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Table 1. Best-fitting values of L, 8, and y for the parametric model for both photometric (GSWLC) and spectroscopic (MPA-JHU) data sets, compared
with those values from previous works.

L B 14
G. Giirkan et al. (2018) 22.13 +0.01 0.77 £ 0.01 0.43 £ 0.01
D. J. B. Smith et al. (2021) 22.22 4 0.02 0.90 £ 0.01 0.33 + 0.04

S. Das et al. (2024) 22.083 + 0.004 0.778 £+ 0.004 0.334 £+ 0.006
This work: Photometric (GSWLC; bias corrected) 21.848 +0.003 1.107 £ 0.008 0.244 + 0.007
This work: Spectroscopic (MPA-JHU; bias corrected) 21.910 + 0.003 1.062 £+ 0.016 0.258 £+ 0.019

SFRs and stellar masses in the MPA-JHU catalogue relative to
those in GSWLC.

5 DISCUSSION AND CONCLUSIONS

In this work, we studied the dependence of radio luminosity
at 150 MHz on properties of SFGs and the non-linearity of the
low-frequency 150 MHz RC-SFR relation in local galaxies (z <
0.3). Starting from an optically selected sample of emission-line-
classified SFGs, we used a non-parametric random forest regres-
sion algorithm to model radio luminosities from the second data
release of the LoTSS-DR2 given SFRs and stellar masses from the
GSWLC-X2 and MPA-JHU DR8 catalogues, and also considering
gas-phase metallicity and velocity dispersion measurements from
MPA-JHU. Applying this model to a sample of 18 828 sources de-
tected at >30 in the LoTSS-DR2 catalogue shows that a source’s
radio luminosity depends on its SFR and to a lesser — but still
highly significant — extent on its stellar mass. This builds on
previous works showing consistent results even when no prior as-
sumption about the form of mass dependence is assumed. These
factors remain consistent whether our SFRs and stellar masses
were taken from the GSWLC (photometric) or MPA-JHU (spec-
troscopic) catalogue. We also uncover a possible dependence of a
galaxy’s 150 MHz luminosity on the gas-phase metallicity; how-
ever, we are unable to make a definitive statement given the
well-known degeneracy between stellar mass and [O/H]. Having
demonstrated the importance of considering stellar mass along-
side SFR for this task, we used a suite of simulations to account
for measurement bias in estimating the stellar mass dependent
RC-SFR relation from G18 using the method of S21. Our results
show that the de-biased best-fitting relation for the photometric
data set (i.e. GSWLC) is given by

log(Lisommz/W Hz ™) = (1.107 £ 0.008) log(y /Mg yr™')
+(0.244 £ 0.007) log(M.,. /10" M)
+(21.848 &+ 0.003), (5)

and for the spectroscopic (i.e. MPA-JHU) data set by
log(Lisomez/W Hz™1) = (1.062 4 0.016) log(¥ /Mg yr™)  (6)

+(0.258 £ 0.019) log(M,. /10" My,)
+(21.910 & 0.003) 7

where the values of L. for the photometric and spectroscopic
models are estimated after performing bias correction using equa-
tions (B1) and (B4), respectively. Interestingly, the two sets of
measurements are statistically consistent with one another, de-
spite the large differences in the manner in which the SFRs
and stellar masses have been estimated in the photometric and
spectroscopic data sets (e.g. the SFR estimates alone have differ-
ent physical time-scales, and the MPA-JHU stellar masses are

corrected for nebular emission using the measured spectra, but
otherwise rely only on ugriz photometry, as compared with the
GSWLC estimates which are derived based on UV to mid-infrared
wavelength photometry and energy-balance SED fitting).

5.1 Comparison with previous works

The best-fitting values of L., 8, and y for both photometric
(GSWLC) and spectroscopic (MPA-JHU) data sets, after bias-
correction are summarized in Table 1, along with values from
previous works. As shown in the table, we find a steeper depen-
dence of radio luminosity on SFR (i.e. higher 8) and a weaker
dependence on stellar mass (i.e. lower value of y) compared to
the works of S21 and D24, despite the similar methodology. While
one of the differences in this work is the bias correction method,
part of the discrepancy may also arise from different sample se-
lections. In contrast to S21 and D24 who use an infrared-selected
sample, our sample is drawn from an optically selected spectro-
scopic catalogue with stringent BPT emission line signal-to-noise
cuts as described in Section 3. This selection preferentially targets
purely SFGs with bright emission lines (and thus high-specific
SFRs), whilst excluding dusty star-forming systems and optically
quiescent galaxies that are present in their works. In addition,
those studies make use of the LOFAR Deep Fields, which reach
significantly lower flux densities than the wide-area LoTSS sur-
vey data used in this work. Consequently, their analyses probe
fainter radio sources and lower-SFR galaxies, and the correspond-
ing AGN selection functions are not directly comparable. We also
explicitly remove radio-quiet AGN (RQ-AGN) from our sample
by using probabilistic classification flags from A. B. Drake et al.
(2024), mitigating biases where optical SFR indicators are con-
taminated by the presence of a radiative AGN without corre-
sponding radio excess. The dominant source of radio emission
in these quiescent galaxies and radio-quiet AGN remains uncer-
tain (F. Panessa et al. 2019), with several mechanisms proposed,
including star formation (e.g. P. Padovani et al. 2011; M. Bonzini
etal. 2015), scaled-down version of powerful jets, outflows (e.g. R.
Morganti et al. 2015; L. K. Morabito et al. 2019), wind-interstellar
medium interaction (e.g. J. W. Petley et al. 2022), and wind-driven
shocks (N. L. Zakamska & J. E. Greene 2014). This complexity
makes it challenging to isolate a subsample of relatively quies-
cent galaxies in which radio emission is solely driven by star-
formation, given that radio luminosity is also a good tracer of
star formation in the host galaxies of RQ-AGN (M. Bonzini et
al. 2015). Consequently, the presence of additional radio emission
not associated with star formation, or underestimated SFRs from
dust-obscured star formation can elevate the radio luminosity at
fixed SFRs, leading to a flatter observed slope as seen in pre-
vious works. At the high SFR regime, our best-fitting relations
are consistent with those reported by G18, who similarly used
a spectroscopically selected sample. The discrepancy is mainly
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observed at the low-SFR end, however, this regime is subject to
high uncertainty in SFR and stellar mass estimates, given the
sensitivity to the choice of star-formation history (e.g. S. Lower
et al. 2020, P. Haskell et al. 2024) in SED-fitting and time-scales
associated with the SFR tracer (R. C. Kennicutt & N. J. Evans
2012), as well as potential contamination from compact RQ-AGN.
Taken together, these differences in sample selection and AGN
treatment yield a measurement of the RC-SFR relation for purely
SFGs, with a correspondingly steeper slope.

To visualize the best-fitting stellar mass-dependent RC-SFR
obtained after bias correction, we divide our sample into ten
equal-width bins of SFR. For each bin, we calculate the radio
luminosity using the median values of SFR and stellar mass in
the bin, along with the bias-corrected values of 8 and y. These
values are represented as blue diamonds for the photometric data
set in Fig. 6 and orange diamonds for the spectroscopic data set
in Fig. 7. We then draw the best-fitting line through these points,
indicated by dashed blue and orange lines for the photometric
and spectroscopic data sets respectively. For comparison, we also
calculate the best-fitting lines based on the mass-dependent re-
lations from G18, S21, and D24, and overplot them in the top-
left panels of Figs 6 and 7. To examine the effect of removing
mass dependence, we repeat the procedure using relations with
the stellar mass term subtracted, and plot the resulting best-fitting
lines in the bottom-left panels of the same figures. One explana-
tion for the dependence of RC-SFR relation on stellar mass could
be the dependence of cosmic ray escape fraction on stellar mass,
especially relevant in low-mass galaxies. Massive galaxies have
more supernovae and longer cosmic ray escape times, producing
higher radio luminosities. U. Klein (1991) found that dwarf (thus,
less massive) galaxies are less efficient in containing cosmic ray
electrons, which is consistent with theoretical models (e.g. X.
Chi & A. W. Wolfendale 1990; G. Helou & M. D. Bicay 1993; S.
Niklas & R. Beck 1997; E. J. Murphy et al. 2008; B. C. Lacki, T.
A. Thompson & E. Quataert 2010; V. Heesen et al. 2011). S21
state that the stellar mass dependence could also be related to
the redshift dependence of the RC-SFR relation but due to the
small redshift range of our sample, it is unlikely that evolution
can account for the dependence on stellar mass found in this
work, which is similar in magnitude to that observed outtoz =1
in S21 and D24. Similarly, although we consider it unlikely that
the stellar mass dependence in our analysis arises from assuming
a universal canonical IMF, the potential impact of IMF variations
cannot be entirely ruled out. For example, M. L. P. Gunawardhana
et al. (2011) report that galaxies with higher SFRs tend to exhibit
flatter slopes at the high-mass end of the IMF. Nevertheless, a
detailed investigation of the effect of IMF variability lies beyond
the scope of this work and given the large statistical size of our
sample, such variation is unlikely to appreciably affect our results.

Significant care has been taken to remove AGN-dominated
galaxies from our sample, but as in previous works (G18, S21,
D24) it is likely that a number of unidentified AGN remain
present. For example, M. Mezcua & H. Dominguez Sanchez
(2024) used IFS Mapping Nearby Galaxies at APO (MaNGA®; K.
Bundy et al. 2015) observations of 2292 dwarf galaxies to show
that galaxies which are classified as star-forming (SF) using single
fibre spectroscopic observations could still have AGN-like ioniza-
tion outside the fiber aperture coverage of the fixed small-sized

%http://sdss4.org/surveys/manga/
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fibre. 17 of the galaxies classified as ‘SF-AGN’!? by M. Mezcua &
H. Dominguez Sanchez (2024) lie in our sample of SFGs, and
we also identify a small number of galaxies in our sample that,
although classified as SF using the [N 11] diagnostic diagram, fall
in the ‘AGN’ region of the [S11] and/or [O 1] diagnostic diagrams
(39 candidates out of 35099 galaxies). We have verified that our
results remain consistent within the quoted uncertainties upon
removing the SF-AGN from our sample, but acknowledge that
our sample could still contain more unidentified AGN. For ex-
ample, M. I. Arnaudova et al. (2025) investigated the presence of
AGN identified using the radio brightness temperature method
of L. K. Morabito et al. (2025) in samples of 150 MHz sources in
the LoTSS deep fields (P. N. Best et al. 2023). These sources were
identified as SFGs at high confidence using an updated version
of the A. B. Drake et al. (2024) probabilistic source classification
methodology. Taken together, it is all but impossible to ensure
that residual low-luminosity AGN contamination is not respon-
sible for the mass dependence that we observe in this work. This
may change in future as the machinery to combine the different
strengths of photometric, spectroscopic and radio morphology
information to build a fuller picture of the radio source energy
budget is developed.

Furthermore, several works have shown that global empirical
calibrations like the star-formation rate stellar mass relation (K.
G. Noeske et al. 2007; A. K. Leroy et al. 2013; M. Cano-Diaz
et al. 2016; S. L. Ellison et al. 2021) and the far-infrared radio
correlation (A. Hughes et al. 2006; E. J. Murphy et al. 2006; J.
Zhang et al. 2010; F. S. Tabatabaei et al. 2013) originate from star-
formation activity at local scales. Therefore, it would be useful
to also explore the RC-SFR relation on spatially resolved scales
using LOFAR radio luminosity maps or from future SKA and
LOFAR2.0 maps along with spatially resolved spectra with IFS
from surveys like SAMI (S. M. Croom et al. 2012), MaNGA (see
e.g. G. Jin et al. 2025), and the WEAVE (G. Dalton et al. 2012;
S. Jin et al. 2024) large integral field unit to better understand
the local origins of the empirical calibration. A spatially resolved
study could also help mitigate remaining concerns about AGN
contamination or shock excitation (e.g. M. I. Arnaudova et al.
2024), by enabling the analysis to focus on areas away from the
active nucleus.

We intend to revisit this topic in future with data from WEAVE,
which will spend the upcoming five years performing a suite of
surveys including the WEAVE-LOFAR survey (D. J. B. Smith et al.
2016). WEAVE-LOFAR will use the WEAVE multi-object spec-
trograph mode to obtain more than a million spectra of sources
identified in the LoTSS surveys (both deep and wide), and the RF
algorithm presented in this work will be essential for this task.
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LoTSS-DR2 catalogue, which can be found here: https://lofa
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data from the MPA-JHU DRS8 catalogue can be found here:
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metric SED-fit data from GSWLC-X2 can be found here: https:
//salims.pages.iu.edu/gswlc/. The exact sample used in this work
after selection cuts, will be made available upon request to the
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APPENDIX A: DEPENDENCE ON
MORPHOLOGICAL FEATURES

Among the reported morphological parameters in L. Simard et al.
(2011) for SDSS-observed galaxies, we consider the following
features estimated using pure Sersic decompositions and n = 4
bulge + disc decomposition (as given in tables 1 and 3 of L.
Simard et al. 2011):

(i) galaxy ellipticity (e )

(ii) inclination (i; i = 0 for face-on disc)

(iii) bulge-to-total ratio B/T in the SDSS g and r bands
(iv) exponential disc scale length (R, in kpc)

(v) bulge semimajor effective radius (R., in kpc)

(vi) Sersic index n,

and include these in the RF regression analysis along with SFR,
stellar mass, gas-phase metallicity, and velocity dispersion, for the
spectroscopic as well as photometric models. The distribution of
these morphological features for our catalogue sample is shown
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Figure Al. Distribution of the morphological features used in this work. The top row contains exponential disc length and bulge semimajor radius in
kpc. The middle row shows inclination and galaxy ellipticity. The bottom row shows the distribution of Sersic index and bulge fraction for our sample.
The bulge fraction represented by the unfilled histogram is measured using the SDSS r-band images.

in Fig. Al. On running the RF model, we find that SFR is still
the most important feature in predicting radio luminosity (see
Fig. A2), for the photometric as well as spectroscopic models. Fur-
thermore, the overall prediction accuracy of the model remains
similar to the models in Section 4.1 (MSE ~ 0.11 and accuracy
~81 percent), upon including the morphological parameters.
We observe non-negligible feature importance values for some

features, e.g. Sersic index in the spectroscopic model and disc
length Ry in the photometric model. However, it is difficult to
ascertain if they have real physical significance or if this is due
to their correlation with stellar mass, solely based on RF regres-
sion analysis, given the limitations of RF regression analysis in
handling collinear variables (i.e. when two or more variables are
highly correlated).
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Figure A2. Upper panel: Random forest feature importance of SFR, stellar mass, gas-phase metallicity, velocity dispersion, and morphological features
used in the regression model to predict radio luminosity. Lower panel: Same features as the upper panel, but the bars indicate the permuted feature
importance, i.e. the decrease in RMSE of the model prediction when the feature is randomly permuted. In both panels, the left bar indicates SFR and
stellar mass taken from the MPA-JHU catalogue and the right bar indicates SFR and stellar mass taken from the GSWLC, estimated using SED-fitting.

APPENDIX B: BIAS CORRECTION USING
SIMULATIONS

S21 showed that the best-fitting estimates of 8 and y in equa-
tion (3) are likely to be offset by a residual bias which we found
to be dependent on the noise properties of the parameters used
(here, SFRs and stellar mass) in this work. To correct for this bias,
we generated realistic mock data for each set of parameters, i.e.
radio flux densities, SFRs, and stellar mass values for the photo-
metric as well as spectroscopic data sets through the procedure
described in detail in S21. We then fit the mock galaxy data in the

MNRAS 546, 1-19 (2026)

same manner as described in Section 4.2 and plot the recovered
versus true values of L., 8, and y as shown in Fig. B1 for the pho-
tometric and spectroscopic data sets in blue and orange colours,
respectively. The best-fitting relations between the recovered and
true values of L., 8 and y for the photometric data set are given
bch,rec = 1-OOLC,true + 0.00, Brec = 0.91B4rue + 0.01,
Yeee = 0.92)4rue + 0.08 (B1)

and for the spectroscopic data set:L¢rec = 0.97L¢ rue +
0.81, Brec = 0.54Birue + 0.08, Yree = 0.68¥rye + 0.40.
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Figure Bl. Recovered versus true values of L., 8, and y for the stellar
mass dependent form of the RC-SFR for the mock data sets made using
photometric data from the GSWLC catalogue and spectroscopic data from
the MPA-JHU catalogue. The best-fitting lines are shown by the solid blue
line for the photometric data set and orange line for the spectroscopic data
set, and the black dashed line is the line of equality.
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